In transportation field, reliability is the probability of reaching the destination from the starting point within the expected time. While the concept of reliability, including travel time reliability model and its evaluation indicators have been extensively studied in ground transportation, they are relatively very scarce in air transportation. Flight block time reliability not only exert a strong influence on passenger behavior but also greatly affect aerodromes, airlines and air traffic management, thus affecting the entire air transportation. This paper proposes a methodology for evaluating the flight block time under different delay time windows. We applied the Density-Based Spatial Clustering of Applications with Noise (DBSCAN) method to set windows which reflects different delays. We proposed a probabilistic model of flight block time based on a series system. A case study is performed to compare flight block time, flight air time, flight taxi-in time, and flight taxi-out time at different time reliability metrics with different delays. In particular, we found the best fit for each flight time segment of three delay time windows among nine well-known distribution functions to calculate the flight block time reliability indexes. Based on our analysis, we find that the reliability of delay time window 3 from 22:20-23:00 to be relatively less compared to the other delay time windows. The results from the reliability estimation demonstrate that the model is efficient in estimating the reliability of flight block time in different delay time windows.
I. INTRODUCTION
Increasingly, as the economy is growing, more passengers are choosing air travel as a preferred option. According to the 2018 Civil Aviation Industry Development Statistics Report by Civil Aviation Administration of China (CAAC), the total passenger traffic of the whole industry was 61,173,770 which is 10.9% higher than that in 2017.
This increase in air traffic and technology development comes with a greater expectation of reliable travel from a passenger perspective [1] . In addition to passengers, air traffic units are paying more and more attention to the reliability of air transport, especially flight block time reliability. The flight block time and its reliability are the principal reference for aerodromes to make flight schedule, important parameters for airlines to schedule flights and prepare aviation fuel, and core The associate editor coordinating the review of this manuscript and approving it for publication was Muhammad Awais Javed . indicators for air traffic management departments to evaluate the efficiency of air traffic operations [2] . The unreliable transportation systems results in flight delays and uncertainty in traveler's flight time. On the one hand, delays directly lead to extra travel time. On the other hand, in response to uncertainly travel time, air traffic management departments, aerodromes, airlines and passengers adjust their travelling schedules to ex ante account for potential delays.
In flight network, flight time can be split into two components as block time and delay time. Flight block time is defined as the time elapsed when a flight displaces between two aerodromes. It has two types which are actual flight block time (AFBT) and scheduled flight block time (SFBT). Figure 1 illustrates different phases of a typical flight block time.
In Figure 1 , AOBT is actual off-block time. SOBT is scheduled off-block time. ATOT is actual take-off time. STOT is scheduled take-off time. ALDT is actual landing time. VOLUME 8, 2020 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ SLDT is scheduled landing time. AIBT is actual in-block time. SIBT is scheduled in-block time. SFBT is the difference between SIBT and SOBT and it is scheduled half year in advance [2] , [3] . AFBT is the difference between AIBT and AOBT and have different values during each trip for the same flight route. It should be emphasized that flight block time in this paper refers to actual block time. Flight block time consists of three parts which are taxi-out time, air time and taxi-in time according to flight operation phases [2] .
Assessing flight time reliabilities are needed to improve the reliability and efficiency of air transportation systems. The operational reliability of each phase affects the overall operational reliability. According to [4] , the airport taxiingout and taxiing-in are the critical phases in flight operation. During these phases, the pilots have the least technical means to rely on and their workload is relatively higher than flight air time phase which increases the likelihood of the delays [5] . Due to this reason, we suspect that the reliability of the taxiing stage is relatively poor.
Determining the time window is a key in exploring the reliability of the travel time on transportation. Traffic patterns vary at different times of day based on several parameters. A non-parametric data mining technique was adopted to classify raw travel time data into different groups under different weather conditions, which was called classification and regression tree [6] . They classified ground transportation's traffic pattern by time, for it varies at different times of day and days of week and the impact from weather condition. They only selected travel time data under clear weather condition in their research. Due to this, their method of the time window setting could not consider the characteristics of traffic operation. However, there has been no study to investigate the time of day characteristics for flights in the aerodrome and set time windows.
This paper aims to propose a method to assess the flight block time reliabilities under different delays. The methodology may be useful to investigate the reliability of flights which directly affects the travel plans of passengers, fuel plans and timetables for airlines and control plans for air traffic management departments. As the name indicates the delay time window is a time slot in a day which is determined based on the delay times, minimum and maximum values of flights actual off-block time. The method uses historical flight operation data to set the delay time windows of the selected route at the departure airport and applies the flight block time reliability model to calculate the reliability of each delay time window. We used the concept of series reliability to establish the flight block time reliability model. Reliability metrics from ground transportation are introduced to compare the reliability of flight block time, flight taxi-out time, flight air time and flight taxi-in time. As the estimation of reliability metrics depends on the distribution of flight times in different delay time windows, we tested the fitting of data into nine probability distributions.
Thus, this article focuses on addressing the following questions 
II. LITERATURE REVIEW
In this section, we present the literature of travel time reliability and flight time reliability. In the first subsection, we discuss research papers related to the reliability used on the ground transportation followed by travel time reliability measures and main distribution function used for travel time reliability. In the second part, we present the review of recent developments related to flight block time reliability and summarize the research gaps in the end.
A. TRAVEL TIME RELIABILITY
The concept of reliability has been extensively studied in ground transportation. Reliability in the field of ground transportation mainly refers to the unpredictable variations in travel time and directly affects the passenger travel choice. Scholars started investigating travel time reliability in 1970s. An analysis of variations in day-to-day travel times was presented by individuals and their travel behaviors. The early paper recognized the need to develop metrics of reliability and considered the standard deviation of a distribution of travel time as a basic metric for ground transportation. The research by [7] was immediately followed by other research articles. The concept of travel time reliability (TTR) was first proposed by [8] , and its definition as the probability of reaching the destination from the starting point within the expected time. They estimated the travel time reliability of road as follows.
where, t a is actual travel time of road, T o is determined threshold. The idea of travel time reliability has been extensively studied in the ground transportation including travel time reliability of bus [9] , urban main road [10] , and freight transportation [11] . In addition to applying travel time to different transportation models, many researches recently focused on the measurement of travel time reliability [10] , [12] as well as the values of travel time reliability [13] , [14] .
Travel time reliability has become an important performance criterion of the transportation facilities. Several performance measures have been proposed to quantify travel time reliability and monetize it. One type of performance measure is based on percentile travel time (PTT) including travel time index, buffer index and skewness-width [15] . Another type is based on the distribution tail of percentile function of meanexcess travel time, travel time reliability ratio and travel time budget [16] - [18] . Parts of TTR measures based on PTT are shown on Table 1 .
According to [17] , the key premise of the indicators presented in Table 1 is to fit the distribution of the flight time and find the most suitable distribution function. They also discussed some of the commonly used distribution fitting functions which are Lognormal, Gamma, Weibull and normal distribution. Table 2 presents the list of distribution fitting functions used for travel time reliability in literature.
B. FLIGHT BLOCK TIME RELIABILITY
The concept of reliability has been widely studied in ground transportation. However, there are very few research articles in air transportation related to time reliability. Flight block time reliability is defined based on the concept of travel time reliability in ground transportation in 2014 [2] . Block time reliability for a certain flight group is the percentage of flights whose block times are shorter than or equal to their scheduled block time. The unpredictable variations in the flight travel times directly affects the block time reliability. Flights operate in an uncertain environment as the airlines or aerodromes fail to predict their flight time in desired accuracy levels before scheduling their trips [13] . Some of the researchers used historical data form the starting airport and the destination airport in deciding the schedule block times based on fixed percentiles of block time distributions [2] , [19] .
In above studies, the reliability and distribution of flight block time have been used for long term flight schedule. They used data of flight block time but don't consider the phases of flight operation, such as flight taxi-out time, flight air time and flight taxi-in time. They also ignore the comparison of reliability under different delay conditions. In addition, there are a few studies that examined the distribution of flight block time in the air transportation compared to the travel time on the ground transportation.
Our paper focus to fill the above research gaps by introducing an assessment of flight block time reliability under In addition, we apply the reliability metrics from ground transportation to flight time in different delay time windows based on the best fit distribution parameters.
III. FLIGHT BLOCK TIME RELIABILITY MODEL AND RELIABILITY INDEX
In this section, we present a methodology to set up the delay time window based on departure delay time and arrival delay time by using DBSCAN algorithm. Later, we define a simple model of flight block time reliability followed by comparison of two analytical equations in estimating flight block time reliability. The notations used in this article are presented as follows.
NOTATIONS USED

Minpts :
The minimum required number of neighbor point from center point ε :
The distance between center point of cluster and its neigh- Figure 2 shows an example of flight arrival and departure delay time distribution map. The size of the circle in the figure indicates the frequency of its occurrence. It is clear that the flight delay times are concentrated in some particular sections of the graph, i.e., more flights have similar arrival and departure delays. Some of the data points in small size with particularly long delays are sparse and may be noise spots.
The DBSCAN algorithm can separate high-density regions from a sample space and take isolated points in low-density as a noise. Compared to other popular cluster algorithms such as the K-means algorithm and hierarchical clustering algorithm, the DBSCAN algorithm is more suitable for seeking sample distribution centers of its natural existence and handing samples with small difference [21] . The DBSCAN algorithm has been widely used in various transportation fields since its publication at the KDD conference in 1996 [22] . Some of the examples are maritime traffic [23] , ground traffic [24] and air traffic [25] . Based on these characteristics, we selected DBSCAN algorithm for determining suitable delay time window which is time period of actual off-block time of the flights based on the flight arrival delay and flight departure delay. The DBSCAN algorithm has two parameters which are ε and Minpts. The ε is the distance between center point of cluster and its neighborhood, where as Minpts is the minimum required number of neighborhood points from center point [22] . They are set according to the number of samples in the database but should be small enough to find the delay time windows. The pseudo-code of the clustering based on DBSCAN algorithm is given in Algorithm 1 and 2. In the pseudo-code, t dep_delay i , t arr_delay i and ε ij , ∀i, j ∈ (1, 2, . . . , n) are estimated using equation (2), (3) and (4), as shown at the bottom of this page.
The flights data contains departure delay, arrival delay and actual off-block time information. The Euclidean distance between i and j is defined as ε ij in equation (4) to measure how far i and j are. As can be observed, ε ij not only depends on the difference of T dep_delay and T arr_delay values but alsoT AOBT . The main idea here is to find the out all the data points which are in the neighborhood of a cluster center. Without the T AOBT in equation (4), all the on time flights are cluster into single cluster even though there are scheduled away from each other.
The pseudo code of the Getneighbors function is as follows.
The output of the DBSCAN algorithm consists of set of clusters ( C = {C 1 , C 2 , . . . , C K }) with the points C h = {p i |p i C k } belongs to each cluster. For each cluster 
B. FLIGHT BLOCK TIME RELIABILITY MODEL
In this subsection, we estimate flight time reliability for each from the output of DBSCAN algorithm presented in subsection III.A. We formulate two flight time reliability models to estimate the flight block time reliability as presented below. Equation (1) in subsection II.A estimates the travel time reliability in the road transport. We adopted it to flight block 
Equation (5) and (6) are used to calculate t block and R fight respectively. R fight is the probability of reaching the destination airport from the starting airport within the standard time.
Once aircrafts start flying, aircrafts must keep moving until they reach their destination airport. The civil aviation aircrafts can only fly around in circles and wait until they get permission from the air-controller when flying in the air. As described in Section I, the flight of civil aviation consists of three phases. Figure 3 shows a standard flight operation.
Like a series circuit, any disturbance or delay in any of these phases will result in unsuccessful flight operations. Flights must follow the sequence of taxiing out at the departure airport, then take off, fly in the sky, and finally reach the destination for taxiing in. This sequence is immutable, so it is reasonable to take the operation of flight as a series system. Thus, flight time reliability can be defined as follows.
t air = ALDT − ATOT (8)
Equation (7), (8), (9) and (10) are used to estimate t out , t air , t in , and R flight respectively. As can be observed, R flight is product of the probability of taxiing-out t out , flying in the sky within t air , and taxiing-in within t in . P {t out < T out } is the probability of taxiing-out at starting airport within the standard taxiingout time. P {t air < T air } is the probability of flying in the air within the standard time. P {t in < T in } is the probability of taxiing-in at destination airport within the standard taxiingin time. Both R flight and R flight [0, 1]. The closer the values are to 1, the better the reliability. It is to be noted that the reliability obtained from equation (6) considers the whole flight time between origin airports to destination airport while equation (10) uses the duration of 3 phases separately in estimating reliability.
IV. CASE STUDY
In this section, we present a case study of flights between ZBAA to ZSSS. Firstly, we explain the original data and we set delay time windows using DBSCAN algorithm. Next, we fit flight block time, flight air time, flight taxi-out time and flight taxi-out time into nine different distributions to find the best fit for each delay time window. Finally, we determine the flight time reliability in each delay time window based on historical data and series system methods. We also present our conclusions based on some important observations.
A. DATA DESCRIPTION
Standard flight block times of every flight route are set by every airline company or air traffic management department half year in advance [2] , [3] . There are updated annually on http://www.pre-flight.cn/ by CAAC. The taxi-out and taxiin times are decided based on the passenger throughput of the airports [26] . The greater the passenger throughput, the greater the ground taxiing time.
We Figure 4 .
The proportion of airlines on the ZBAA-ZSSS is shown in Figure 5 introduced in subsection III.A. Accordingly, we fed the data of departure delay time, arrival delay time and the actual departure time of day into Python program that attempts to cluster data into different categories. After initial experiments, we selected ε =0.1335 and Minpts = 16 according to the number of samples in our database as input parameters and presented the resulting five clusters based on average delay time from DBSCAN method in Table 3 .
No in Table 3 is the number of samples. Standard deviation (S) reflects the dispersion of the flight delay time data set. Smaller standard deviation means that there will be less deviation from the average. The obvious difference between clusters 1 and 2 is the time of day. The division time is 12:30 at noon. We are interested in finding that the average flight departure delay time is larger than flight arrival time in cluster 1, 2, 3 and 4. It is noted from Table 3 that the average departure delay time at ZBAA in cluster 4 is 21.73 minutes while the arrival delay time at ZSSS is reduced to 9.09 minutes. It indicates that the ten flights between 17:30 to 17:50 reduce around 12.64 minutes of flight arrival delay during flight time.
In order to deeply mine the classification results and master more rules, we have presented the data in three dimensions by using matplotlib plotting library of Python program. Figure 6 The concentration of these flights is relatively larger than others beyond 20 minutes. The average departure delay time and arrival delay time are computed to be 3 minutes for 97.43% of the daily flights as shown in table 3.
A large number of clusters would result in poor results due to less number of sample points in each cluster [6] . From Table 3 , we observe that the clusters 3, 4 and 5 together have only 2.57% of the total flights. Moreover, these three clusters have similar operating conditions in terms of the time of day and delay times. Thus, we consolidated these three clusters together into a single cluster for further analysis which resulted in Table 2 in the Section II, we store the data of different delay time windows and fed the data value into Python program that attempts to fit the dataset into particular statistical distribution available with the Python SciPy package. Figure 7 is the nine Different fit distribution of different flight taxi-in time. The fitting results are shown from Table 4 to 7 in terms of three metrics which are Mean squared error (MSE), the sum of squares due to error (SSE), and coefficient of determination (R 2 ) [17] , [25] . Figure 8 is the best fit distribution function as well as the coefficients of flight block time, flight air time, flight taxi-out time and flight taxi-in time. The blue column is the raw data, and the red line is the best distribution function.
According to the results from Table 4 1) From the best fit results shown in bold letters in each table, we observe that all the three metrics (MSE, SSE, and R 2 ) choose the same result as a best fit. This implies that using any one of the metrics is sufficient in selecting the best fit. 2) It is interesting to find out that the flight air time follows a normal distribution in all the three delay time windows considered. The reason might be the independence of flight air times among different flights which may not be in the case of block time, taxi-out time and taxi-in time.
The central limit theorem says that ''when independent random variables are added, their properly normalized sum tends toward a normal distribution''. Thus, we think VOLUME 8, 2020 that the accuracy of fitting for window 1 and 2 is relatively better compared to window 3. 4) For both flight block time and flight air time, the values of R 2 are 0.985, 0.984 and 0.991, 0.991 respectively for delay time window 1 and delay time window 2. This indicate that the distribution fitting is very efficient for the block time and air time compared to others in these two windows. 5) It is noticed that the taxi-in time [5] , [12] minutes and taxi-out time [10] , [30] minutes for both delay time window 1 and delay time window 2. For delay time window 3, the taxi-in time [4] , [8] minutes and taxi-out time [12] , [35] minutes. From these results, we point out that the taxi-in time of delay time window 3 is shorter and the taxi-out time is longer compared to windows 1 and 2. The taxi-out delay time of the flights at night (delay time window 3) is longer that those at day time. In each delay time window, the taxi-in time is shorter than the taxi-out time and the range of values is smaller which indicate that the taxi-in phase in ZSSS takes lesser time than the taxi-out phase in ZBAA. It is because the ZSSS is smaller in size than ZBAA, and the stand is closer to the runway. Another reason may be the fact that the controller often give priority to the arrival flight.
D. ANALYSIS OF FLIGHT TIME RELIABILITY
In this section, we first analyze flight time reliability using travel time reliability measures that were used on the ground transportation. Further, we estimate and presented flight time reliability measures based on the proposed method in subsection III.B. We present some important conclusions based on our observations in both subsections IV.D.1) and IV.D.2). Table 1 in Section II. We present the results of travel time reliability measures based on the best fit distribution from subsection IV.C at different delay time windows in Table 8 . VOLUME 8, 2020 According to the results from Table 8 , we can draw the following conclusions. 2) FLIGHT TIME RELIABILITY
The flight block time reliability model and its calculation method have been introduced in Section III. According to the regulations of the CAAC, the standard flight segment time for ZBAA flights to ZSSS is 120 minutes, and the standard ground taxi-in and standard taxi-out time are 30 minutes each [25] . There is no document specifying the standard flight time. From the subsection IV.C and the first part of subsection IV.D, we see that the flight air time reliability is relatively high. Thus, we set P t fly < T fly value to 0.8 in our calculations. We computed R flight and R flight values using equation (2) and (3) respectively and presented them in Table 9 .
The R fight values in Table 9 are close in each delay time window which proves that our calculation method is reliable. On the one hand, the values of R fight and R fight in To validate our method, we presented a case study of flights between Beijing and Shanghai. Based on DBSCAN results, the flight time was divided into three delay time windows from 6:20-12:30, 12:30-22:20 and 22:20-23:00 respectively. The results showed that the most serious flight delays were happening between 22:20 and 23:00. Thus, we suggest that the flights during this period should be given more attention in future by passengers, airlines, airports and air traffic management departments.
We also tested nine standard distribution functions to fit flight block time, flight air time, flight taxi-out time and flight taxi-in time in each delay time window. From the analysis of distribution fitting, we observed that all the three metrics considered were selecting the same distribution as a best fit which implies that any one of the metric is sufficient in choosing the best fit distribution. It is interesting to observe that the flight air times always follow a normal distribution. This result may be due to the fact that the air flight times are independent on other flight air times. Our future research will be directed towards the factors affecting the reliability of the flight block time of air traffic network to improve flight block time reliability. The other research direction is to apply our analysis in other flight routes and different operating conditions. QIAN WANG was born in Mianyang, Sichuan, China, in 1994. She is currently pursuing the master's degree in transportation planning and management with the Nanjing University of Aeronautics and Astronautics. Her research interests include air traffic management and airspace planning.
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